
ABSTRACT

Reinforcement Learning (RL) enables robots to acquire complex behaviors through trial-
and-error interactions, placing simulators at the heart of scalable and efficient training 
pipelines. This study presents a qualitative comparison of simulators employed for robot 
training through RL, focusing on both sequential and parallel training architectures. While 
conventional simulators have advantages in terms of fidelity and sim-to-real, it is limited in 
terms of training time and generalization. On the other hand, modern simulators that allow 
parallel training offers significant improvements in terms of learning speed and data variety 
but also bring an advanced hardware cost. In this context, the study analyzes widely used 
simulators according to training architecture, training speed, parallel computation capacity, 
ROS compatibility, accessibility and scientific prevalence. Based on the analysis, a conceptual 
simulator selection tool was developed using a polychotomous key to assist researchers in 
identifying the most suitable simulation environment.
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INTRODUCTION

Traditional methods and algorithms initially used to en-
able robots to perform various tasks yielded effective results 
in well-defined and predictable scenarios. However, with 
the increase in the number of moving obstacles and the va-
riety of behaviors in the operational environment, the com-
plexity and uncertainty of the environment has increased. 
Therefore, the state space that the robot interacts with is ex-
panded and it has become almost impossible to predict all 

situations and to design a structure that takes action against 
every situation.

At this point, with the influence of advances in the field 
of artificial intelligence, learning-based methods that work 
with a large number of data have come to the fore in or-
der to overcome the difficulties encountered. Among these 
methods, RL algorithms, which learn by trial and error by 
interacting with the environment, have gained an important 
place in the performance of complex robot tasks. RL allows 
a robot to learn the most appropriate behavioral policy by 
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interacting with the environment and through reward-pun-
ishment feedback. Thus, the robot achieves flexibility and 
adaptability to cope with a wide variety of undefined situa-
tions without the need for human intervention.

However, since robots are mechatronic entities with 
hardware limitations, it is not feasible to carry out the trial 
and learning processes directly on physical robots in terms 
of both time and resources. For this reason, simulators that 
model real-world conditions have been developed for the 
trial and training of robots. In the early applications, since 
traditional algorithms were generally used, the developed 
simulators did not allow thousands of robots to work in 
simultaneous scenarios internally. Therefore, in the early 
simulators, RL-based robot training was mainly carried 
out in sequential training architecture. In this architecture, 
each scenario is initialized within the simulation environ-
ment, terminated upon completion of the training process 
and subsequently restarted for the next scenario following 
the same procedure. With this method, training processes 
can take hours or even days [1].

In order to overcome this bottleneck in terms of time, 
the idea of ​​parallel simulation has gained great importance 
in RL. In this approach, many copies of the same robot are 
trained simultaneously in different scenarios. This both 
increases the diversity of training data and significantly 
shortens the learning time. So much so that training pro-
cesses that used to take hours or days can be completed in 
minutes.

Existing robot simulation environments can be exam-
ined in two main groups in terms of RL training architec-
ture. These are as follows:

•	 Traditional, sequential training-driven simulators
•	 Modern, parallel training-driven simulators
Both approaches have been addressed in different stud-

ies in literature. Numerous simulation tools have been com-
pared in the context of robotics and RL in studies such as 
[1−4] and [5]. These comparisons were made according to 
features such as the libraries used, central processing unit 
(CPU) usage, real time factor (RTF), generalization among 
the physics engines, open/closed source status, visualiza-
tion, file format, etc.

Although this study shares similarities with previous 
comparative works in terms of utilizing qualitative insights 
derived from the analysis of scientific sources, it offers orig-
inality through the distinct comparison criteria it employs. 
In addition, the information obtained as a result of the ex-
aminations and comparisons is interpreted and a concep-
tual simulator selection tool is proposed in the polychot-
omous key format for researchers and practitioners who 
carry out robot training via RL to choose the appropriate 
simulator. The Method section of the study explains how 
and under what headings this comparison was made and 
how the tool was developed. The information obtained was 
compared in the Results and Discussion section in terms of 

the effects of the architectural differences of the simulators 
on the training process. In addition, the proposed simulator 
selection tool was shared in that section. In the Conclusion 
section, a general evaluation of the study was stated.

MATERIALS AND METHODS

This study is grounded in a conceptual analysis of exist-
ing scientific literature and technical documentation. The 
study draws on commonly used seven simulators in the 
fields of robotics and RL, along with relevant scientific lit-
erature as source material. As a methodological approach, 
the information obtained from the selected sources was an-
alyzed through a qualitative comparative framework.

The criteria determined for the qualitative comparison 
analysis are as follows:

•	 Training Architecture – The RL-based robot train-
ing paradigm supported by the simulator.

•	 Training Speed – The learning speed achieved 
based on the training architecture and the compu-
tational resources utilized.

•	 Parallel Computation (CPU / GPU) – The type of 
computational unit employed and the simulator’s 
capability to support internal concurrent training.

•	 ROS Compatibility – Indicates whether the sim-
ulator includes a bridge or a software package that 
enables integration with the Robot Operating Sys-
tem (ROS). ROS is a widely adopted open-source 
middleware that provides a standardized commu-
nication infrastructure and toolset for building 
modular, scalable, and hardware-independent ro-
botic systems. Due to its dominance in both aca-
demic and industrial research, compatibility with 
ROS significantly improves a simulator’s usability, 
extendability, and potential for real-world deploy-
ment.

•	 Scientific Prevalence – Number of publications 
published in the last five years that explicitly refer 
to the simulator within the context of RL-based ro-
botics, using disambiguated and simulator-specific 
Google Scholar search queries.

•	 Accessibility – The licensing model and availability 
status of the simulator, such as whether it is open-
source, open-access, or commercially licensed.

The findings derived from this analysis were conceptu-
ally synthesized and a selection tool was developed using a 
polychotomous key to assist in identifying the most suitable 
simulator. 

RESULTS AND DISCUSSION

Conventional robot simulators used for RL-based 
robot training typically employ the sequential training 
approach. Gazebo and Webots are the most common ex-
amples of this approach. These simulators provide high 
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fidelity with detailed physics modeling and sensor simu-
lation capabilities [6]. They are widely preferred by robot-
ics researchers not only for their compatibility with ROS 
but also for their ability to facilitate an easier transition 
between simulation and real-world deployment [6]. In se-
quential training architectures, simulation steps are exe-
cuted in a single thread, allowing only one scenario to run 
at a time. If parallelization of training scenarios is desired, 
more than one simulator must be run at the same time 
and the information obtained from this must be combined 
outside the simulator. The fact that these simulators usu-
ally run on the CPU also limits the number of external 
parallelizations. In addition, simulators with sequential 
training architecture do not allow more than one agent to 
run and learn simultaneously within itself. The only ex-
ception here is PyBullet. 

PyBullet is a CPU-based simulator and offers the op-
portunity to parallelize training within itself with the use 
of multiple threads [7]. However, since this is done on the 
CPU, it is limited by the number of threads.

Although the sequential approach is powerful in terms 
of real-time simulation and accuracy of complex interac-
tions, it is slow in meeting the need for large-scale data in 
RL training [6]. For example, Gazebo uses intensive com-
putational resources due to intensive physics calculations 
and is not suitable for parallel execution of large numbers of 
episodes [6]. This can cause the simulation to become a bot-
tleneck in Deep Reinforcement Learning (DRL) training 
where hundreds of thousands of interactions are required. 
Therefore, the simulators running in sequential training ar-
chitecture have high accuracy and integration advantages, 
but they are restrictive in terms of sample collection speed 
and scalability.

Unity is a hybrid software that offers both sequential 
and parallel training architectures. Although Unity is pri-
marily designed for game development, it is also utilized 
in robot training processes involving RL [8]. Unity enables 
RL-based robot training in both sequential scenarios such 
as Gazebo and Webots and in parallel environments it cre-
ates within itself. Training process can be performed both 
on the graphics processing unit (GPU) and on the CPU. In 
this context, the RL models used in the Unity ML-Agents 
framework are run on a cross-platform inference library 
called Barracuda by default. Although Barracuda supports 
model execution on both the CPU and GPU, experiments 
conducted in [9] have shown that RL models work more 
efficiently on the CPU in most cases. The main reason for 
this is that the models used are usually not large enough to 
fully utilize the processing power of the GPU. In such cases, 
the time spent transferring the model to the GPU and get-
ting the results back can be longer than the time it takes to 
run the model, reducing the overall efficiency of the system. 
In addition, the GPU being busy with graphical processing 
tasks at the same time can create a similar bottleneck by 

not being able to allocate enough resources for inference 
operations. 

MATLAB & Simscape Multibody is another hybrid 
platform that enables RL-based robot training in both se-
quential and parallel architectures. Initially developed as 
a tool for matrix computations and algorithm develop-
ment, MATLAB now also offers 3D simulation capabili-
ties through a wide range of toolboxes and add-ons. This 
simulation capability was first introduced in 2002 under 
the name SimMechanics [10]. Subsequent improvements 
and updates were consolidated under the name Simscape 
Multibody. It is a commercial product [11] and, unlike oth-
er simulation tools, does not rely on open-source external 
physics engines. It uses MathWorks’ own proprietary phys-
ics enginE. Although not as ROS-compatible as Gazebo 
and Webots, it offers a higher level of ROS integration com-
pared to Unity and other simulation tools. For this purpose, 
it also provides a dedicated toolbox called ‘ROS Toolbox’ 
[12]. Although MATLAB & Simscape Multibody supports 
GPU acceleration for RL, this acceleration is primarily lim-
ited to policy and value function updates. Parallelization in 
it refers to multi-core CPU execution and GPU-accelerated 
learning, not GPU-based physics simulation. The physics 
simulation in Simscape Multibody is executed on the CPU, 
similar to Unity. Therefore, the overall training speed is 
highly dependent on the balance between simulation fidel-
ity and learning architecture.

In order to overcome the shortcomings of sequential 
and hybrid approaches, advanced simulators have been 
developed that parallelizes both physics computations and 
RL processes end-to-end on the GPU, allowing thousands 
of environments to be run simultaneously. Thanks to this 
architecture, the RL agent collects data from thousands of 
different scenarios simultaneously and training time is sig-
nificantly reduced. In fact, NVIDIA’s Isaac Gym/Lab plat-
form has achieved improvements in training speed by up 
to 2-3 orders of magnitude compared to traditional CPU-
based approaches by performing all physics computation 
and policy learning in GPU memory [1]. Brax, another 
end-to-end parallel training simulator, claims to be able 
to train tasks similar to OpenAI Gym MuJoCo in minutes 
[13]. OpenAI Gym is a standardized toolkit for developing 
and comparing reinforcement learning algorithms. MuJo-
Co, often used within Gym environments, is a high-fidelity 
physics engine commonly preferred for continuous control 
tasks in robotics. 

There is one newly emerging end-to-end GPU-based 
simulator with active development that is Genesis. It is 
an open-source physics simulation platform designed for 
robotics and embodied AI. Although the simulator was 
introduced to the public, it currently lacks a canonical 
peer-reviewed publication formally documenting its de-
sign choices and performance characteristics [14]. Based 
on an extensive literature survey, no peer-reviewed study 
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was found that systematically compares Genesis with 
the other simulators evaluated in this work. Although 
the developers report exceptionally high simulation 
throughput and claim superior performance compared 
to Isaac Lab and other GPU-accelerated simulators, 
these results are primarily based on self-prepared tech-
nical benchmarking reports [15]. At the time of writing, 
independent, peer-reviewed validation of these perfor-
mance claims remains limited, and existing communi-
ty-driven evaluations present mixed findings [16]. For 
these reasons, Genesis was included in the comparative 
overview to reflect emerging simulation trends, but it 
was intentionally excluded from the proposed simulator 
selection tool. The integration of Genesis into the selec-
tion framework is considered part of future work, pend-
ing further maturation of the platform and the availabil-
ity of independent comparative studies.

Parallel simulation environments have emerged as a sig-
nificant innovation in literature as they solve the problem of 
data collection with large-scale parallel sampling and accel-
erate RL algorithms. However, these approaches also have 
some limitations. High-end GPUs are required to handle 
thousands of real-time physics simulations – a GPU with at 
least 16 GB VRAM and 32 GB or more of system RAM is 
recommended to run Isaac Gym/Lab efficiently [17]. This 
may not always be available to every research group. The 
GPU-based simulator is usually special-purpose; integra-
tion into existing robotics software ecosystems such as ROS 
or adding new customized scenarios can be more challeng-
ing than their sequential counterparts. Indeed, Isaac Sim 
users have stated that using this platform requires a signifi-
cant learning curve regarding the details of the game engine 
and physics library [18]. Therefore, parallel architectures 
offer a narrower scope in terms of flexibility and usability in 
exchange for their high performance. 

The ‘scientific prevalence’ criterion refers to the num-
ber of publications published in the last five years that spe-
cifically refer to the simulator Gazebo [19], Webots [20], 
PyBullet [7], Unity [8], MATLAB & Simscape Multibody 

[11], Isaac Lab [1], Brax [13], and Genesis [14] in the 
RL-based robotics context. Therefore, the uniform, sim-
ulator-specific, and context-aware Google Scholar search 
queries were used during the measurement process. This 
method is reasonable in the criterion case because it is 
quantitative, comparative and reflects the actual usage 
within the research community. The used search queries 
are depicted in Table 1. 

Overall, this comparison demonstrates that the interac-
tion of RL and simulation architecture is a critical decision. 
In this context, the simulators discussed in the study are 
compared in Table 2 based on the characteristics such as 
training architecture, training speed, parallel computing 
capacity, ROS compatibility, scientific prevalence and ac-
cessibility. 

Although the scientific prevalence measurement meth-
od does not guarantee the most realistic results, it shows the 
strong, consistent and quantitative outcomes. By using the 
queries, the scientific prevalence numbers in the table were 
determined according to the last five years on 01.01.2026. 

There is one exceptional case which is Genesis. Due to 
the generic nature of the name “Genesis” and being new in 
the literature, reliable quantification of scientific prevalence 
is not currently feasible. Therefore, Genesis is treated as an 
emerging simulator and reported without a numeric preva-
lence value in Table 2.

While sequential simulation architecture is preferred in 
realistic physics applications, parallel architecture provides 
a great advantage for the faster training of DRL agents that 
learn with big data.

Our study, which evaluates these approaches exam-
ined in a scattered manner in the sources, is a guide for 
both researchers and practitioners for the selection of a 
suitable simulator. To accommodate different user pref-
erences, the simulator selection tool—constructed using 
a polychotomous key—is presented in two alternative 
formats: a tree-based structure (Fig. 1) and a table-based 
structure (Table 3).

Table 1. The context-aware Google search queries for the scientific prevalence metric

No Simulator Search query

1 Gazebo “Gazebo” AND robot* AND (simulation OR simulator) AND “reinforcement learning”

2 Webots “Webots” AND robot* AND (simulation OR simulator) AND “reinforcement learning”

3 PyBullet “PyBullet” AND robot* AND (simulation OR simulator) AND “reinforcement learning”

4 Unity “Unity” AND robot* AND (simulation OR simulator OR “ML-Agents”) AND “reinforcement learning”

5 MATLAB & 
Simscape Multibody “Simscape Multibody” AND robot* AND (simulation OR simulator) AND “reinforcement learning”

6 Isaac Lab (“Isaac Lab” OR “Isaac Gym”) AND robot* AND (simulation OR simulator) AND “reinforcement 
learning”

7 Brax “Brax” AND robot* AND (simulation OR simulator) AND “reinforcement learning”

8 Genesis “Genesis” AND robot* AND (simulation OR simulator) AND “reinforcement learning”
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CONCLUSION

This study examines the simulators used in the context 
of robot training via RL based on sequential and parallel 
approaches and presents a qualitative comparison and a se-
lection tool for choosing the appropriate simulator. Sequen-
tial training-compatible simulators ensure high fidelity and 
effective sim-to-real transfer but suffer from long training 
times and limited state space. On the other hand, simulators 
that offer parallel training can significantly reduce training 
time and enhance data diversity, enabling faster and more 
generalized learning; however, it may be limiting in terms 
of high hardware cost and low flexibility. The findings indi-
cate that the choice of a simulator has a substantial impact 
on effective RL-based robot training and propose a selec-
tion tool to aid in identifying the most suitable simulator.
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STATEMENT ON THE USE OF ARTIFICIAL INTEL-

Table 2. Comparison of simulators used for RL-based robot training

No Simulator Training 
architecture

Training 
speed

Parallel computation 
(CPU / GPU)

ROS 
compatibility

Scientific 
prevalence Accessibility

1 Gazebo Sequential Low None High 7340 Open source

2 Webots Sequential Low None High 1240 Open source

3 PyBullet Sequential Medium Available (CPU only) Medium 3920 Open source

4 Unity Sequential/parallel Medium Available Medium 8370 Open access

5 MATLAB & 
Simscape Multibody Sequential/parallel Medium Available High 277 Commercial

6 Isaac lab Parallel High Available (GPU only) Low 2480 Open source

7 Brax Parallel High Available (GPU only) None 551 Open source

8 Genesis Parallel High Available (GPU only) None N/A 
(Emerging) Open source

Table 3. Simulator selection tool constructed using a polychotomous key in a table-based structure

Step Name State Result

1 ROS Compatibility Undesired    Brax

Desired Go to Step 2

2 Hardware 
capability

High-performance GPU capable of handling physics and 
RL training end-to-end

   Isaac Lab

Moderate CPU and GPU available Go to Step 3

Only CPU available Go to Step 4

3 Accessibility A commercial license with technical support is preferred Matlab & Simscape Multibody

Open-access is preferred, with commercial license & 
technical support available if needed

Unity

4 RL training speed Moderate training speed is prioritized; limited fidelity is 
acceptable

PyBullet

Low training speed is acceptable, high fidelity is desired Go to Step 5

5 Scientific 
prevalence

Preference for less-studied tools that offer room for wide 
novel research

Webots

A widely-used platform with extensive documentation and 
example diversity is preferred

Gazebo
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LIGENCE
Artificial intelligence tools were used to assist in lan-

guage editing and writing support. The scientific con-
tent, analysis, and conclusions were developed solely by 
the authors.
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